Introduction
Genetic association studies and genome-wide association studies are currently used to assess the genetic contribution to disease initiation and disease progression, response to a pharmacological intervention, and to assess gene by environment interaction [1] [2] [3] . In these study designs when the trait of interest is dynamic, it is common for the phenotype of interest to be measured at two distinct time points and the outcome to be the change in phenotype over time. A common concern among researchers is the proper modeling of baseline phenotype level in such analyses in order to avoid spurious findings.
Differing statistical analysis approaches for these kind of data have been proposed, and their relative merits vigorously debated, in the statistical and general epidemiologic literature [4] [5] [6] . While some have suggested that statistical adjustment for baseline trait values is necessary for valid estimation, Glymour and colleagues, using data from a longitudinal study of education and cognitive change among an old age cohort for illustration [7] , have shown that adjustment for baseline trait levels may yield biased estimates when the exposure of interest is known to have effects prior to the baseline measurement. In the context of studies of genetic exposures, such effects are expected. The question of how to model such data has not been considered in the context of genetic association studies when change in phenotype is the outcome. Incon-sistent analytic approaches are a potential source of discrepant findings in the literature.
In this report, we consider the causal assumptions implicit in a genetic association study of change in some phenotype, and describe the roles of measurement error and baseline trait values. Using the effect of genotype on blood pressure change during stress as a motivating example, we describe situations when adjusting for baseline risk factor levels is inappropriate and demonstrate the applicability of this situation to the problem of assessing genetic effects on changes in phenotype levels over time. Results of a simulation study conducted to assess bias on estimates of the effect are presented, using a range of true gene-phenotype relations and amounts of measurement error. Data from an on-going study of blood pressure response to a cold pressor stress test are used to assess assumptions made during simulations and demonstrate possible bias that can be induced by analytic strategies. Figure 1 is a causal diagram that outlines the assumptions under study. For the sake of example, blood pressure response to a cold pressor stress test is described. The relationship of interest is that between the function of a gene G and the true change in blood pressure during the test; however, this association can not be addressed directly as true blood pressure is measured with some error and genotype, rather than gene function is the measured exposure. Current large scale genotyping platforms make it efficient to use genotypes at loci across the genome to act as proxies to identify altered functions or expression of genes. Therefore to investigate the relationship between the gene of interest and true change in blood pressure, we assess the association between the genotype at some locus X and the observed change in blood pressure.
Methods

Causal Model
The assumption of any linkage disequilibrium mapping or genome-wide association study is that the marker genotyped (shown at locus X in fig. 1 ) is in sufficiently strong linkage disequilibrium with the true causal variant at the unobserved locus Y to act as a reasonable proxy. This relationship is shown in figure 1 by the close proximity of the two loci on a founder haplotype 'causing' the association of the alleles at the two loci in the population. The case of perfect linkage disequilibrium between loci X and Y is identical to that of observing the true causal locus Y directly. Thus for the rest of this paper we assume that locus X and locus Y are in perfect linkage disequilibrium or that locus Y was genotyped directly.
Factors that affect blood pressure through pathways related to vasoconstriction will be associated with both baseline blood pressure and change in blood pressure during the cold pressor test. In the current context, these vasoconstriction-related causes are unmeasured and are indicated as 'U' in figure 1 with pathways to the variables corresponding to true baseline blood pressure and true change in blood pressure. The hypothesis to be tested is that the gene of interest, G, is one of these vasoconstriction-related factors. Estimating the effect of G on true change in blood pressure during the cold pressor test is the goal of the study.
While unmeasured factors U have effects on both true baseline blood pressure and true change in blood pressure, there is no direct pathway between these two variables. That is to say, we have assumed that true baseline blood pressure does not have a direct casual effect on the change in blood pressure during the test. This assumption, which is similar to the assumption that the measuring instrument is not affected by a detection limit, may or may not hold true and its effect on estimates will be discussed later. Blood pressure measurement error may occur due to sources including circadian variation, stress levels and other factors; these were considered so that any observed blood pressure measurement is the summation of the true underlying blood pressure and some measurement error. This is true for measurements made at baseline and during the stress test.
While this model describes the genetic contribution to a cold pressor test, it can be used as a more general model whenever a genetic effect on response to a stimulus, either investigator initiated, environmental or pharmaceutical, is thought to have some relevance to the underlying basal trait. For simulation purposes, the example of the cold pressor test benefits from the availability of data to accurately estimate effect sizes and measurement error.
Using the Model to Detect Bias
Under the condition that there is an association between the observed locus X and true baseline blood pressure, adjusting for observed baseline blood pressure in the analysis will induce bias through measurement error at baseline. Conditioning on observed blood pressure opens the path between the observed locus and observed change in blood pressure, resulting in colliderstratification bias (for a detailed explanation of collider stratification bias, please see [8, 9] ). This is true with or without the presence of unmeasured factors U. Conditioning analysis on a common effect of both G and measurement error induces an association between the at-risk allele at the observed locus and measurement error. The measurement error at baseline is inversely associated with the observed change in blood pressure and thus a bias away from the null results.
Even if the trait can be measured without any error, conditioning on observed baseline induces correlation between any unmeasured factors U that are associated with both true baseline blood pressure and true change in blood pressure. This bias can operate either towards or away from the null. If the factors associated with a greater change in blood pressure are also associated with higher baseline levels (i.e. positively associated with both) then the bias will operate towards the null.
While causal diagrams are effective in detecting bias, they have limited power to quantify that bias. In the context of general change models, comparison between estimates from models that include adjustment for baseline with those not doing so has been demonstrated analytically, and depends upon measurement error and the relation between baseline values and the exposure of interest [10] . For this study, we explore the bias empirically through a simulation study; this simulation study demonstrates the amount of bias induced by adjusting for baseline in various circumstances using parameters from an on-going genetic association study.
Simulation
Simulations were performed to estimate the bias resulting from model misspecification. The simulations considered a range of values for the amount of measurement error in blood pressure assessment, the effect of unmeasured factors (U) on other variables in the system, the true effect of gene G on baseline blood pressure, as well as the true effect of the gene on change in blood pressure in mm Hg during the test. Simulation parameters were taken from observed measurements from the HAPI Heart Study to ensure simulation parameters were biologically relevant and are given in table 1 . The mean blood pressure in the unexposed was simulated to be normally distributed with a mean of 116 mm Hg and a standard deviation of 11.5 mm Hg. The at-risk allele at the observed locus was assumed to be common (minor allele frequency = 30%) and two effect sizes relating genotype with baseline blood pressure under the additive genetic model were considered: small (1 mm Hg per copy of at-risk allele) and large (5 mm Hg per copy of at-risk allele). The standard deviation of the pre-test blood pressure measurements from the HAPI Heart Study were used to generate small, modest and large measurement error parameters. The median of the standard deviation of the blood pressure measurements was considered as modest error (4.5 mm Hg) and the 10th percentile (1.5 mm Hg) and 90th percentile (7.5 mm Hg) were used as the small and large measurement error parameters. Unmeasured factors were assumed to have small effects (5 mm Hg on baseline and 1 mm Hg on change in blood pressure) and large effects (10 mm Hg on baseline and 2 mm Hg on change in blood pressure). Simulations were run under a true null hypothesis where the effect of gene G on change in blood pressure was set as zero, as well as under the alternative hypothesis, simulated so that gene G had a 1 mm Hg effect on change in blood pressure.
Simulated data for each scenario were created for 1000 data sets, each with a sample size of 1000 observations. Each observation comprised data for blood pressure at baseline and at the end of follow-up, both measured with error. Change was calculated for each individual as the difference in blood pressure between these two measures. Simple linear regression models of the effect of the genotype on observed change were run on each set of simulated data under the additive genetic model both controlling for and not controlling for observed baseline blood pressure. Simulations were performed using SAS version 9 (SAS Institute Inc., Cary, N.C., USA).
Parameter
Distribution Mean (SD)
Allele frequency binomial 30% Prevalence of U binomial 40% Baseline in unexposed normal 116 (11.5) Change due to stress in unexposed normal 10.5 (6.5) Measurement error normal 0 (1.5), 0 (4.5), 0 (7.5) SNP effect on baseline normal 1 (0.9), 5 (0.9) Unmeasured Effect on baseline normal 5 (0.9), 10 (0.9) Unmeasured Effect on change normal 1 (0.9), 2 (0.9) SNP effect on change (alternative hypothesis) normal 1 (0.03) 
HAPI Heart Study
The HAPI Heart Study was begun in 2002 to study the genetic causes of cardiovascular disease. The study enrolled 868 individuals from the Old Order Amish community in Lancaster County, Pennsylvania and performed short term interventions to study gene by environment interactions [3] . In this paper we consider the cold pressor stress test. By artificially inducing sympathetic activation [11, 12] , this intervention helps to identify genes that interact with vasoconstriction to modify blood pressure [13, 14] . The degree and maintenance of the blood pressure response to the cold pressor test is associated with cardiovascular disease [15] and hypertension [16, 17] .
As part of the cold pressor test the individual was seated and asked to place his or her right hand and wrist up to the ulnar styloid into an ice water bath for 2.5 min. Blood pressure was measured repeatedly during the test (at 0, 1, 2, 3, 4, 5, 7.5, 10, 15, and 20 min) with use of a fitted automated blood pressure cuff. Baseline blood pressure measurements were taken prior to the test with the subject semi-reclined in a temperature controlled room (22 ° C) the morning following a 10-hour fast. Pre-test measurements were taken at 1-min intervals for up to 10-min until the individual's blood pressure stabilized. This approach, i.e. waiting for stabilization of blood pressure, acts to minimize measurement error. Multiple pre-test measurements also allowed for excellent estimation of the variance in blood pressure measurements in a clinical setting and thus provided high quality parameters of measurement error for our simulations.
Each participant in the HAPI Heart Study was genotyped with the use of the Affymetrix GeneChip Human Mapping 500K Array Set (Affymetrix, Santa Clara, Calif., USA). To evaluate the effect of simulation results in an applied setting, genotype data for loci in an area of chromosome 2q previously shown to exhibit evidence for linkage [18] were identified. The 4,111 loci under the linkage peak with a minor allele frequency 1 5% were assessed for association with baseline blood pressure and their relationship with reactivity to the cold pressor test was estimated both accounting for and ignoring baseline blood pressure levels. Table 2 shows the simulation results illustrating the bias induced through measurement error when adjusting for observed baseline under the null hypothesis, i.e. the true effect on change in blood pressure = 0. One can see that not adjusting for baseline returns an unbiased estimate of the effect in all situations. Adjusting for baseline induces a bias and this bias increases with the strength of association between the observed locus and baseline blood pressure and with increasing measurement error. Table 3 summarizes the results from simulations modeling the alternative hypothesis (true effect of observed locus on change in blood pressure = 1.0) allowing for unmeasured factors and when no measurement error is present. Again, not adjusting for observed baseline re- Adjusting for observed baseline bias estimates towards the null through unmeasured factors in the absence of measurement error.
Results
Bias Is Induced by Adjusting for Baseline
Small association with baseline reflects 1 mm Hg higher blood pressure with each copy of the at-risk allele. Large reflects 5 mm Hg higher per copy. Unmeasured factors affect baseline blood pressure by 1 mm Hg for small mechanism, 10 mm Hg for large mechanism.
sults in unbiased estimates of the true effect. Adjusting for baseline blood pressure biases the estimates towards the null and this bias is greater as the strength of the association between the observed locus and baseline blood pressure increases and when the effect of unmeasured mechanisms is large. Table 4 gives the results when both large amounts of measurement error and large unmeasured mechanisms are acting simultaneously. As expected, not adjusting for observed baseline will return unbiased estimates. The bias induced by improperly adjusting for baseline is dependent upon the relative effects of measurement error and unmeasured mechanisms.
Assessment of Assumptions
The simulations illustrate the bias that is induced by adjusting for observed baseline blood pressure in the analysis under the assumptions reflected in figure 1 . In some situations these assumptions may not accurately reflect true causal relations. The three most common violations, particularly in the GWAS scenario, are (1) Locus Y does not alter function of gene G; (2) Locus X is not in linkage disequilibrium with Locus Y, and (3) Gene G is not associated with baseline blood pressure.
When any of these three violations are applicable, there will be no true association between the genotyped locus and baseline blood pressure. This is common when limited a priori knowledge is used to select the loci genotyped for a study, as is the case with many commercially available large-scale genotyping platforms. Figure 2 shows the distribution of estimates of the association between 4,111 loci in a linkage region on chromosome 2q with baseline blood pressure in participants of the HAPI Heart Study. The distribution appears approximately Gaussian, with the vast majority of SNPs in this chromosomal region displaying little or no association with baseline blood pressure. For such SNPs, the bias induced by adjusting for observed baseline is small, since the relationship between the locus and baseline blood pressure does not exist. If the assumptions in figure 1 are correct, the bias induced by adjusting for observed baseline would be expected to increase as the association with baseline increases, as shown by the simulation results. This is demonstrated in figure 3 . The difference between the two estimates, one adjusting for baseline and one not adjusting for baseline, increases as the association with baseline increases as predicted by our simulations. Thus the 'real world' data from the HAPI Heart Study is consistent with the conclusions of the simulations based on the causal mechanisms described in figure 1 .
Discussion
We have explored the causal assumptions implicit in genetic studies of change in phenotype over time and used the cold pressor stress test as an example. We have demonstrated that under the primary null and alternative hypotheses of such studies that adjusting for baseline induces bias via measurement error and unmeasured causal factors. The resulting bias will depend upon the relationships that exist between variables. Conversely, not adjusting for observed baseline measurements returns unbiased estimates of effects under a plausible set of assumptions. Even in the presence of large measurement error and large unmeasured effects, models unadjusted for baseline blood pressure will yield unbiased estimates of the association of interest.
We have considered one set of causal scenarios represented by a single causal diagram. However, these conclusions apply beyond the circumstance examined here. For example, consider a causal relationship between true baseline and true change in phenotype. This may manifest when an upper limit applies to the measurement and that an increase in phenotype would be less for those with already high true baseline (this is analogous to using an instrument with a detection limit or ceiling [7] in measuring the trait of interest). First, it is easy to see in this case that baseline level is on the causal path between gene G and true change and thus controlling for baseline would lead to a biased estimate of the effect [8, 19, 20] . If the relationship between the gene and change in phenotype independent of the effect on baseline was instead the relationship of interest (e.g., the direct effect on blood pressure response to stimuli), controlling for baseline will still induce bias. In that case, both adjustment and non-adjustment for baseline are inadequate and estimates will be unstable by traditional modeling approaches. For separation of direct and indirect effects, a causal hypothesis not directly addressed by this paper, alternative analytic approaches are required, such as marginal structural models or bias correction [10, 21] .
In summary, we have demonstrated that adjusting for baseline phenotype levels in genetic association tests will bias the results. It is our hope that this work will encourage other genetic epidemiologists to closely consider causal mechanisms when determining analytic strategy so that unbiased replication across genetic association studies can proceed in the future.
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